Abstract-Classification of respiratory sounds between normal and abnormal is very crucial for screening and diagnosis purposes. Lung associated diseases can be detected through this technique. With the advancement of computerized auscultation technology, the adventitious sounds such as crackles can be detected and therefore diagnostic test can be performed earlier.
I. INTRODUCTION
Traditionally, one of the methods used by physician to diagnose respiratory diseases is by chest auscultation using analog stethoscope. However, it is difficult to diagnose the lung condition by using only the stethoscope. Hence, modern computerized auscultation, CT scan and X-Ray are used by doctors to capture various distinctive parameters of the lung.
Respiratory sounds can be classified as normal and abnormal or adventitious. There are many types of adventitious sounds, such as crackles, pleural rubs, stridor, and wheezes (ronchi) where the abnormality of the pulmonary system can be the cause of these sounds [1] . It is analyzed and used to detect respiratory system related diseases like Chronic Obstructive Pulmonary Disease (COPD), asthma and bronchitis.
Crackles can be detected in lung or heart auscultation of COPD, pneumonia, heart failure and asbestosis patients. The presence of crackles helps doctor to diagnose these patients. Crackles are heard mostly during inspiration and sometimes it is overheard during expiration. Crackle sounds are short, explosive nonmusical sounds that normally last for 1 to 10 ms [1] . Explosive opening of the small airways caused lung and heart to produce this crackle sounds ranging up to 2000 Hz.
There are many methods to extract the features of lung auscultation, for example, Discrete Wavelet Transform (DWT), Linear Predictive Coding Coefficients (LPCC), MFCC and others. In this paper, the MFCC will be used to extract the features of crackles and normal respiratory sound and statistical computation will be performed to evaluate the features extracted.
II. FEATURE EXTRACTION OF RESPIRATORY SOUNDS
First, There are several methods to extract features of normal and crackles from the respiratory sounds signal for examples Wavelet Transform and MFCC.
In speech signal processing, MFCC is considered one of the most highly effective feature extraction method [2] . This is because MFCC capture information that is relevant to the auditory perception. Chin et. al. used MFCC as the feature extraction of the lung sounds to classify between normal and abnormal sounds including crackles, wheezes and ronchi. KNearest Neighbor Classifier (k-NN) has been used as the classifier which differentiate between normal and abnormal sounds [3] .
Meanwhile, Nandini et. al. used MFCC for the feature extraction and Artificial Neural Network (ANN) as the classifier and yield different results. Nandini et. al. in their study used statistical features extracted from MFCC and other feature extraction methods such as LPCC, Perceptual Linear Prediction Coefficient (PLPCC) and several others. The classification using features extracted from MFCC yield a better result as compared to using other feature extraction in terms of the accuracy, specificity and sensitivity [4] .
In a study by Fatma et. al., the normal and the asthmatic breath sounds are classified using wavelet transform as the feature extraction. The wavelet transform is used for analyzing the sounds segment and to characterize the local regularity of the signals by decomposing the signals into elementary building blocks with well localized time and frequency [5] .
The computational burden of the wavelet transform is reduced using DWT. Wavelet packet transform (WPT) are used as the wavelet transform extension. The DWT decomposed the signal into lower frequency band and higher frequency band. Meanwhile, the wavelet packet transform gives a balanced binary tree structure by decomposing both the lower frequency and higher frequency into two sub bands [5] .
Fatma et al. compared the result of DWT and WPT as the analyzer of the respiratory sounds. The result shows that the use of DWT as the analyzer gives slightly better accuracy as compared to WPT. This is because DWT is more effective in processing load and computational time [5] .
Grønnesby et. al. used 5-dimensional feature vector as the feature extraction. The study extracted four features from the time domain such as range, variance, sum of simple moving average (coarse) and sum of simple moving average (fine) and another one feature from frequency domain which is the spectrum mean. As reported in the study, the advantage of using simple summary statistic is that it is easy to relate to actual data whereas the disadvantage is many information are lost [6] .
In a study by N. Abdul Malik et. al. [7] , fifteen different features are extracted from each segment of the respiratory sounds and Artificial Neural Network (ANN) is used as the classifier. DWT is used to decompose the respiratory sounds into seven different frequency band based on Daubechies (db7) and Haar mother wavelet. Mean, standard deviation and maximum power spectral density were calculated from five frequency band (D3, D4, D5, D6, and D7) and these features value are used as the input of the ANN. Result of the study shows that db7 outperform Haar with perfect 100% sensitivity, accuracy and sensitivity in both testing and validation stage by using 15 nodes at the hidden layer. Meanwhile, using 10 nodes at the hidden layer, Haar able to shows perfect 100% sensitivity, specificity and sensitivity for testing stage only.
III. METHODOLOGY
The methodology of this research is shown in Fig. 1 . 
A. Data Acquisition and Pre-Processing
The respiratory sound signals were collected from 20 healthy subjects and 23 lung cancer patients at the University Malaya Medical Centre (UMMC) [7] . The study was approved by medical ethics committee of University Malaya Medical Centre (UMMC) with reference number (MREC ID NO: 201698-4242). The signals were recorded using One Thinklabs stethoscope with sampling frequency 11025 Hz. The data were recorded, saved and pre-processed in Audacity Software. For the pre-processing, the signals were filtered from unwanted noise, outliers, and artifacts. The lung sounds were enhanced and the heart sounds were filtered out. Next, 30 crackles and 30 normal segment sounds were extracted from the pre-processed signals. The segment includes inhale and exhale sounds.
B. Feature Extraction using MFCC
Then, the features of crackles and normal sounds were extracted using MFCC using Matlab Software. The flow of the MFCC feature extraction is shown in Fig. 2 . Fig. 2 . Flow of MFCC to extract features from crackles and normal sounds Equation (1) which is the first order difference equation is applied to the sample of the signal at each window to preemphasis the signal. Equation (1) which is the first order difference equation is applied to the sample of the signal at each window to pre-emphasis the signal.
where ‫ݏ{‬ , n = 1, N } and k is the pre-emphasis coefficient which should be in the range 0 k <1.
The crackles duration is around 20 ms and therefore, the signal is divided into 20 ms frames. Meanwhile, frame shift is set to 10 ms (50% overlap) to allow some overlap to the frame as to not miss any signal. Hamming window is applied after the pre-emphasis process and next, the power spectrum is calculated using fast fourier transform (FFT).
Mel-filterbank is applied to the periodogram power spectral from the previous step to compute the mel-spaced filterbank. The number of filterbank channels is set at 26 where every channel is to indicate the amount of energy in each filterbank, called filterbank energies (FBEs). Equation (2) and (3) is the formula to convert the frequency to Mel Scale frequency and vice versa in order to obtain the filterbank.
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The formula to convert the signal from frequency to MelScale frequency is shown in (2) .
The formula to convert Mel-Scale frequency to frequency in Hz is shown in (3):
Discrete Cosine Transform (DCT) is applied to the logarithm of FBEs to get the 26 cepstral coefficients of filterbank channels. However, only the first 13 coefficients are kept to give a better performance as the higher DCT coefficients show fast changes in the FBES.
C. Mean and Standard Deviation of Mel Coefficients
There are 13 coefficients extracted from each frames of a segment. Thus, there are 13 mean values (μ1-μ13) and SD values (ı1-ı13) coefficients calculated for all frames of a segment and for all segments. There are 30 crackles and normal segments used in the feature extraction. The mean of MFCCs and SD are calculated using (4) and (5), respectively. The average of mean and SD for all the segments are also calculated and analyzed.
Mean of the coefficients is calculated as in (4)
SD of the coefficients is calculated as in (5)
where i (i=1,2,…13) is the coefficient and j (j=1,2,…N) is the frame of the segment. N is the number of frames.
Mean and SD calculation are used in this study because the presence of a few abnormally high values of MFCCs coefficients have effect to the mean value and the best method to measure the variation of these MFCCs coefficients is by using SD. These statistical values evaluate the pattern of the MFCCs coefficients in every segment and analyze which statistical value will show distinct outcome between crackles and normal lung sounds.
IV. RESULTS
MFCC is widely used in speaker identification as well as in speech researches. MFCC is expected to give a better result as compared to other features extraction and as MFCC takes into consideration the sensitivity of human perception towards frequency.
The standard deviation of the set of MFCCs for each frames of a segment are calculated and the average of the standard deviation values are plotted in Fig. 3 . T-test is calculated from the value of SD of the MFCCs to define the hypotheses that the first few values of SD of MFCCs can distinguish between normal and crackles sounds and the result of the calculated t-test is tabulated in Table 1 . T-score calculated is used to find the range of the p-value. The significance level is set at 0.05. Table 1 shows that for the first three value of 13 SDs of the MFCCs' p-value falls within the significance range.
V. CONCLUSION
Based on the result of the experimentation, the statistical values of the first three SDs of MFCCs can indicate the existence of crackles in the respiratory sounds and the t-test calculation supports the result. On the other hand, the outcomes of the statistic calculation using average of MFCCs' mean was unable to distinguish between normal and crackles sounds.
In order to classify the respiratory sounds, there are two major steps needed. First, feature extraction and second, classification. In this research, MFCC technique is studied and used as the feature extraction. The statistic cepstral coefficient values are analyzed and the output shows that the statistic cepstral values are able to distinguish the features between normal and crackles respiratory sounds.
Further research needs to be done to find the most appropriate classifiers that is suitable with these feature extraction technique in order to distinguish respiratory sounds between normal sound in healthy subjects and crackles in lung cancer patients.
